


















areaduring summer2009andwinter2010.Thisairmonitoringnetworkwasestablished toassess intra–urban
gradients of air pollutants and evaluate the impact of traffic and urban emissions on air quality. Method
evaluationsofpassivemonitors,whichwereweeklong indurationforNO2andPMcandtwo–weeklongforNH3,
demonstratedtheabilityoftheNO2andNH3monitorstoadequatelymeasureairpollutionconcentrations,while
theprecisionof thePMc sampler showed theneed for improvement.Seasonaldifferenceswereobvious from
visual inspection forNO2 (higher inwinter)andNH3 (higher insummer)butwere lessapparent forPMc levels.
Landuseregressionmodels(LURs)revealedspatialgradientsforNO2andPMcfromtrafficandindustrialsources.























as an ambient air exposuremodeling technique to aid spatially–
based epidemiologic health studies. In a typical LUR study,
monitoring networks are established at a number of sites in an
urban area using passive or other field–portable airmonitoring
devices.Monitored air pollution data combinedwith geographic
information system (GIS) derived variables such as proximity to
roadwaysandpopulationdensityareusedaspredictorvariablesto
develop LURs. The LURs are used to predict the air pollutants
throughouta studyarea (Braueretal.,2003; Jerrettetal.,2005,
Hoek et al., 2008;Hoek et al., 2011).Monitoring data are often
averagedby studyperiodor season todevelop regressions (e.g.,
Chenetal.,2010).However,explicitapplicationof season in the
regressionshasnotbeentypicallyconsideredinsuchstudies.

The U.S. Environmental Protection Agency (EPA) conducted
passiveairmonitoringstudiesinElPaso,Texas(Smithetal.,2006)
and the Detroit, Michigan area (Mukerjee et al., 2009a) and
subsequentlydeveloped LURs to assess intra–urban variabilityof
air pollutants for use in epidemiological studies of children’s
asthma.HealtheffectswereassociatedwithLURestimatesderived
frommodelswhichusedpredictorvariables suchaselevation (El
Paso) and distance to point sources (Detroit) (Neas et al., 2004;
Neasetal.,2010;Svendsenetal.,2012).Similarstudiesonspatial
airqualityconditionsinDallas,Texas(Smithetal.,2011)andChina
(Chen et al., 2010) suggested the importance of seasonal
differences inLURmodeling.However,seasonwasnotanexplicit
predictorineitherstudy.Nevertheless,seasonaldifferencesinthe
LURs demonstrated the need for caution in developing such
models from annual ormulti–year averageswithout considering
seasonalfactors.

In contrast to these earlier studies, EPA deployed a passive
monitoring network in the Cleveland, Ohio metropolitan area
during summer 2009 and winter 2010 to explore intra–urban
variability of hazardous air pollutantswhile explicitly accounting
fordirectandinteractiveseasonaleffects.TheClevelandareaisin
nonattainment for U.S. National Ambient Air Quality Standards
(NAAQS)forPM2.5andisimpactedbynumerouslocalandregional
PM sources.As in the prior studies, finer scale spatial variability
and the influence of different variables on pollutant levelswere
assessed through LURs. Pollutants monitored were nitrogen
dioxide (NO2), coarse particulate matter (PMc, 2.5 to 10 μm
aerodynamic diameter) and gaseous ammonia (NH3). Estimates
from theLURsandotherairqualitymeasuresare intended tobe







The studyarea includedClevelandandneighboring townsof




interspersed with high density developed areas in central
ClevelandalongtheCuyahogaRiverandpartsofthenortheastand
areas near Cleveland Hopkins International Airport in the
southwestcorner.Terrain, includingtheCuyahoga IndustrialRiver
Valleywas generally flat; downtown Cleveland andmost of the





Being geographically dispersed across the urban area, fire
stationswere selected for location of the passive samplers. The
specific monitoring locations were chosen so to span the
mathematicalspacedeterminedbythevariablestobeusedinthe
LURs. Theprocessof selecting ancillary variables andmonitoring
sites isdescribed inMukerjeeetal. (2009a)and isdetailed inthe
SupportingMaterial(SM).

Geographic information system (GIS) variables were
generated using ArcGIS® 9.3 (ESRI, Redlands, CA)with statistical
analysesimplementedinSAS®version9.1(SASInstitute,Cary,NC).
Initialidentificationofancillaryvariablesusedinsiteselectionand
LUR development was based, in part, on previous spatial
assessments done in El Paso,Detroit,Dallas (Smith et al., 2006;
Mukerjeeetal.,2009a;Smithetal.,2011)andotherurbanareas
(Ross et al., 2006; Sahsuvaroglu et al., 2006; Hoek et al., 2008;
Hoeketal.,2011).Datasourcesforvariableswere:(1)firestation
location; (2) National Land Cover Database for 2006; (3) 2007
population projections based on 2000 U.S. Census data; (4)
modeled traffic count data for Cuyahoga County from the
Northeastern Ohio Area Coordinating Agency Travel Demand
Forecast Model for 2000; and (5) point source location and
emissions data from the EPA 2005 National Emission Inventory
database.Variablesgeneratedfromthesedatasourcesandinitially
considered for the LURsarepresented inTable S1 (see the SM).








to monitor NO2. Additional passive methodologies to measure
spatial variability of PMc and NH3 were used since the study
objectives included identificationofPMsourcesandestimationof
their impact in Cleveland. Ambient monitoring was conducted
concurrentlyatall sites for fiveweeks from July27–August30,
2009 forsummerandanadditional fiveweeks fromFebruary1–
March 10, 2010 for winter. Passive samplers were deployed
outdoors at the 22 selected fire stations and a compliance site
knownasG.T.Craig(GT)operatedbytheCityofClevelandDivision
ofAirQualityasshowninFigure1.MonitoringwasdoneatGTto
evaluate LUR model predictions and to compare passive
measurements with corresponding reference method
measurements reported in the EPA Air Quality System (AQS)
database (for NO2) as well as continuous PM and NH3
measurementsconductedaspartof this study.Duplicatepassive







and were not used to develop the LURs. LUR estimates were
compared with passivemeasurements at GT to evaluatemodel
predictions.ContinuousmeasurementswerealsoconductedatCL
for comparisonwithpassivedata.Cleveland Fire Station 13 (site
13, seeFigure1)alsohad continuousdata recorded forNO2and









Minimum Median Maximum Minimum Median Maximum
DIST_40KPa 122 856 4 713 135 1 279 3820
DIST_70KPb 538 3 281 14 465 156 3 762 4966
INT125c 8446 86 625 397 429 37 440 90 238 304405
INT500d 21448 41 855 197 282 24 514 35 962 239881
INT2000e 22635 60 348 100 784 25 092 47 120 110459
POP_DEN2000f 528 2 146 4 363 567 2 486 3830
LU_OPN500g 0 0.06 0.2 0 0.03 0.1
LU_OPN2000h 0.3 1 2 0.2 0.6 2
RLSEC500i 540 1 853 6 145 919 1 943 2987
RLSEC1500j 7000 11 662 24 337 9 291 16 850 23015
RLLOC250k 682 1 680 3 988 723 1 889 2309
RLLOC1000l 8006 28 560 45 768 15 745 28 789 47755
LAKE_DISTm 0.4 5 12 1 3 10




















SO2_2K_CAT SO2 emissionswithin2 000m High, low
NOx_1K_CAT NOxemissionswithin1 000m High,medium,low
PM25_25K_CAT PM2.5 emissionswithin2 500m High,medium,low

NO2 andPMcpassive samplersweredeployed forweeklong
sampling intervals.PassiveNH3samplersweredeployed for two–
weekintervals,ratherthanone,tocollectsufficientmassatlowair
concentrations. This restricted NH3 passive sampling to the first
two,2–weekperiods foreach five–week samplingeffort.Passive
samplerswere suspendedapproximately2maboveground level
to represent breathing zone height. Shelters at each site were
attachedtoasinglesamplingpost.

NO2 passivemonitoringwas conducted usingOgawaModel
3300 samplers (Ogawa & Co., Pompano Beach, FL, USA). These
sampling methods have been validated (Cox, 2003) and were
further evaluated in laboratory and field studies in the previous
EPA LUR studies (Mukerjee et al., 2004;Mukerjee et al., 2009b;
Smith et al., 2011). Shelters were custom–designed, 2.8 L size
stainless steel bowls to protect samplers from wind and





University ofNorth Carolina (UNC) passive aerosol samplers
(RJ Lee Group, Inc., Monroeville, PA, USA) were used for the
collection of PMc (Wagner and Leith, 2001a;Wagner and Leith,
2001b; Wagner and Leith, 2001c; Wagner and Macher, 2003).
Validationanduseofthesesamplers inpreviousstudieshasbeen
documented (Wagner and Leith, 2001b; Wagner and Macher,
2003;Ottetal.,2008;Laguduetal.,2011;Aultetal.,2012).Since
coarseparticlestendtodepositclosetotheirsourceinarelatively
short time span, it was hypothesized that significant spatial
variability would be observed on a local scale. Samplers were
protected from precipitation using custom–designed flat plate
shelters(OttandPeters,2008).Thepassivesampleswereanalyzed
by computer–controlled scanning electron microscopy (CCSEM)
(Casuccioetal.,1983;Mamaneetal.,2001)coupledwithenergy
dispersiveX–rayspectroscopy (EDS) toestimate the totalparticle
mass deposited on the sampler. Themass of each particlewas
calculatedastheparticle’svolume,estimatedbyCCSEM,timesits
density based on the composition as determined by EDS. PMc









studies and was comparable to collocated NH3 active sampling
methods (Tang et al., 2001). One end contains a 5 μm
polytetrafluoroethylene(PTFE)membrane,throughwhichNH3gas
diffuses and is adsorbed onto a phosphorous acid–coated (5%
phosphorousacidinmethanol)collectionfilterlocatedattheother
endof thediffusionpath. ThePTFEmembraneprohibitsparticle
collection, thus preventing ammonium aerosol from artificially





configuredwithaCS12A cation separation column,CG12Aguard
column, 100 μL sample loop and a self regenerating suppressor










using several different buffer sizes around sites. SO2 emissions
wereconsideredasaway tocaptureadditionalemissionsources
that might not have been reported under the NOx or PM2.5
inventories (NH3 emissions data were too sparse for use in
generatingpredictiveequations).Manysiteshadsimilarcalculated
valuesforthesevariablesand,therefore,emissionsdensitieswere
categorizedas low,medium,orhigh. For SO2,onlyhighand low
categories were distinguished. As with the continuous potential
predictors,measured pollutant data were plotted against these
emissiondensitycategories.Finalbuffersizesof1,2,and2.5km
were chosen forNOx, SO2,andPM2.5, respectively. Sinceall sites
weremonitoredinbothseasons,theregressionsaccountedforthe
correlation inducedby the repeatedmeasuresdesign (SASPROC





retained a relatively large number of predictors and seasonal
interaction terms.Becauseof this, thepredictiveequationswere
determinediteratively,withsucceedingregressionequationsusing
fewer parameters. Regression equations were compared by
examining information criteria statistics (Akaike and Bayesian







Field evaluation of passive samplerswas conducted at sites
GT, CL and 13. Agreement between duplicate samplers would
provide confidence that concentration differences reported
betweensiteswereduetospatial,notsamplingdifferences.Table
2reportsthesummerandwinterprecisionforthepollutantsfrom
passivesamplers.The tablepresentsprecision in the formof the
meanabsolutedifferencebothintermsofconcentrationunitsand
asapercentage.Precision forNO2andNH3passivesamplerswas
generally good as evidenced by their low absolute differences.
PercentdifferencesforthepassiveNO2duplicateswere5%orless.
SimilarprecisionsforNO2werefoundforduplicatemeasurements
inDetroitandDallasusing the samepassivedevice (Mukerjeeet
al., 2009b; Smith et al., 2011).Differences between passiveNH3
duplicates (Table 2) were similar to those reported elsewhere
(Tangetal.,2001).PrecisionforthepassivePMcmeasurementsin
Clevelandwaspoorerwithmeanpercentdifferencesrangingfrom
20 to 65%. Collocated PMc measurements at site 13 showed
precisionsof24%orbetter inbothseasons.Asshown inTable2,




continuous monitors at three sites. NO2 passive samplers were
comparedtoreferencemethodTECOModel42chemiluminescent
analyzers (Thermo Environmental Instruments, Franklin, MA).
Figure2showsgoodagreementbetweentheOgawasamplersand
weeklymean chemiluminescence data at the sites. Site–by–site
regressions of the passive NO2 measurements against the
chemiluminescencevaluesyieldedR2valuesof0.88orhigherwith




PMcmethodcomparisonswere limited to threesamplesper
siteperseason,exceptforGTduringsummerwhereallfiveweeks
could be compared. Passive PMc samplerswere comparedwith
weekly mean reference method dichotomous samplers. Passive
PMcsamplerswerecomparabletoweeklyaverageddichotomous
samplerdataatGTduringsummer (see theSM, FigureS1a)and
site13inbothseasons(seetheSM,FiguresS1bandS1c);however,
lowdatacapture forthedichotomoussampleratGTpreventeda
reliable comparison in winter. There were no continuous
measurements available for comparison with the passive NH3
ALPHA samplers. ALPHA samplers have been found to be















NO2(10) GT 16 1 5
PMc(15) GT 9 3 27
PMc(14) 13 9 2 20
PMc(15) CL 5 3 65
NH3(154) Allsites 2 0.4 16
Winter
NO2(10) GT 21 1 4
PMc(15) GT 11 4 40
PMc(15) 13 15 4 24
PMc(15) CL 3 1 29
NH3(105) Allsites 1 0.2 27










Data recorded by the passive samplers are presented by
seasoninFigure3forNO2,Figure4forPMc,andFigure5forNH3.
Thedata(includingduplicates)arepresentedbysiteandsampling
week with a site median over the sampling periods for each
season. The sites in Figures 3–5 are listed using the site IDs in
Figure1andarepresentedwest toeastwith sitesdelineatedby
overallcitysection.SiteCLwasoutsideClevelandandisshownto
indicate background levels. Only two samples are presented for
NH3duetotwo–weeksamplingintegralsforthispollutant.Though











ForNO2, pollutant levelswere lower during summer (Figure
3a)thanwinter(Figure3b);medianlevelswere10ppbinsummer
and 18 ppb in winter. This may have been due to colder
temperatures affecting atmospheric reaction rates and lower
mixingheights resulting inhigherconcentrations (AtkinsandLee,
1995). NO2 levels in Cleveland were similar to those measured
using the same sampling devices and time integrals in Detroit
(summermedian of 16 ppb,Mukerjee et al., 2009a) and Dallas
(summer median 12 ppb, winter median 14 ppb, Smith et al.,
2011).NO2 levelswerebelow theannualNAAQSof53ppb (U.S.
EPA,2011).PMclevelsweresimilarinbothseasons(Figure4)with
medianlevelsof6.5μg/m3insummer(Figure4a)and7.3μg/m3in
winter.NH3 levelswerehigher insummer (Figure5a)thanwinter
(Figure 5b) with median levels of 1.6 μg/m3 and 0.8 μg/m3,
respectively.SimilarNH3seasonaldifferenceshavebeenreported
and summarized from other cities (Bari et al., 2003). This was
somewhat expected since biological activity (for example, decay




thewestern, central and eastern sections of the Cleveland area.
NO2concentrationsatClevelandsiteswerewellabovebackground
levels atCL. Interestingly, Figures 4 and 5 indicate that the PMc
andNH3 levelswerecomparablebetweenClevelandsitesandCL.











Based on the data from the twenty–two monitoring sites,
plots of pollutant concentrations against the ancillary variables
chosenforuseaspotentialpredictorsweredrawn.Figures6aand
6b display scatter plots of predicted versusmeasured values for
NO2andPMc forboth seasonswitha regression lineoverlaidon
eachplotforreference.Examinationoftheplotssuggestedtheuse
ofmultiple linear regressionwith seasonal interaction terms for
somevariables.Little relationshipwas foundbetweenanyof the
pollutants and traffic intensity within 2000 m (INT2000), total
length of local roadswithin 250m of location (RLLOC250), and
distance to Lake Erie (LAKE_DIST). Accordingly, these variables











forall threepollutantsand indeed theonly significant (5% level)
predictorforNH3.Inmostinstances,SO2,NOx,andPM2.5emissions
were important predictors for NO2 and PMc models, generally
showing declining influence with reduced emissions. Table 4
condenses information from Table 3 to indicatewhich predictor
typeswereimportant.OneofthesalientfeaturesofTable4isthat
seasonasapredictor itselfand its interactionswithseveralother
predictorsare significant inestimatingpollutant levels.Note that
seasonhasadifferentialimpactonNO2andPMcpollutantsinthe
sense that interaction of season with some other predictors is
important foroneof thesepollutantsbutnot theother.Residual





0.57 μg/m3 in summer and 0.47 μg/m3 in winter. See Figure 1 for site
location.

Figure 6 indicates good agreement between predicted and
measuredNO2 (Figure 6a) and PMc values (Figure 6b). Standard
error of regression estimates (aswhiskers in Figure 6) represent
uncertaintyofLURpredictions.

Performance of the regressions was also assessed by
comparing LUR predictions tomeasured values from compliance
siteGTwhichwasnotused todevelop the regressionequations
(Table 5). For all three pollutants, Table 5 indicates good
agreementoftheLURpredictionswiththemeasuredvaluesatGT.
Notethateachpredictionwaswithin5ppbforNO2or5μg/m3for
PMc in comparison to their measured mean value; for NH3,
agreementforbothseasonswaswithin1μg/m3.Furthermore,the







22monitored sites in summer andwinter. Standard errors of predictions
displayedaswhiskers.(a)NO2,(b)PMc.RMSE:rootmeansquareerror.

LURprediction surfaces aredisplayed for the study area for
NO2 (Figure 7) and PMc (Figure 8) using the average of summer
andwinter estimates. The summer andwinter predictionswere
generatedbyapplyingtheestimatedLURequationsona100–by–
100mgridcoveringthestudyarea.HigherpredictedNO2andPMc
concentrations occurred near expressways and in central
Cleveland, including parts of the Cuyahoga IndustrialValley. The











comparison to collocatedmethods.While the PMc sampler has
demonstratedgoodprecision inpreviousstudies (OttandPeters,
2008b),theperformanceofthePMcsamplerrevealedsatisfactory
precision at one of three sites (site 13) in this limited field





Variable Category Season NO2 PMc NH3 







Intercept  27.5182 <0.0001 4.2268 0.1479 NAa NA
Season Summer Ͳ7.6146 <0.0001 32.5897 0.0010 1.6064 <0.0001
Season Winter 0 0 0.8436 <0.0001
SO2_2K_CATb High  Ͳ2.5016 0.0095 2.6243 0.0004 NA NA
SO2_2K_CAT Low  0 0 NA NA
NOx_1K_CAT High  Ͳ1.8259 0.2017 2.2858 0.0087 NA NA
NOx_1K_CAT Low  Ͳ0.6151 0.4735 2.2283 0.0111 NA NA
NOx_1K_CAT Medium  0 0 NA NA
PM25_25K_CAT High  Ͳ0.05564 0.9255 0.5685 0.4602 NA NA
PM25_25K_CAT Low  Ͳ1.5926 0.0410 Ͳ2.5348 0.0142 NA NA
PM25_25K_CAT Medium  0 0 NA NA
POP_DEN2000  Ͳ0.00075 0.0641 Ͳ0.00086 0.0355 NA NA
ARPT_DIST  Ͳ0.1395 0.1361 NA NA NA NA
LU_OPN500  Ͳ21.2433 0.0226 NA NA NA NA
LU_OPN2000  Ͳ2.6591 0.0174 0.6692 0.4537 NA NA
INT125  NA NA 0.000032 <0.0001 NA NA
INT500  0.000038 0.0033 NA NA NA NA
DIST_40KP  0.000490 0.0704 NA NA NA NA
DIST_70KP  0.000288 0.1282 NA NA NA NA
RLSEC500  Ͳ0.00080 0.0076 NA NA NA NA
RLSEC1500  NA NA Ͳ0.00008 0.1656 NA NA
RLLOC1000  Ͳ0.00007 0.1065 0.000091 0.0256 NA NA
SO2_2K_CAT*Season High Summer 3.3573 0.0048 Ͳ11.3833 0.0002 NA NA
SO2_2K_CAT*Season Low Summer 0 0 NA NA
SO2_2K_CAT*Season High Winter 0 0 NA NA
SO2_2K_CAT*Season Low Winter 0 0 NA NA
NOx_1K_CAT*Season High Summer Ͳ3.9541 0.0019 0.5294 0.8319 NA NA
NOx_1K_CAT*Season Low Summer Ͳ1.5596 0.1779 Ͳ2.8633 0.0620 NA NA
NOx_1K_CAT*Season Medium Summer 0 0 NA NA
NOx_1K_CAT*Season High Winter 0 0 NA NA
NOx_1K_CAT*Season Low Winter 0 0 NA NA
NOx_1K_CAT*Season Medium Winter 0 0 NA NA
PM25_25K_CAT*Season High Summer Ͳ0.6788 0.2366 Ͳ7.7292 0.0037 NA NA
PM25_25K_CAT*Season Low Summer Ͳ1.5522 0.0149 Ͳ5.7931 0.0379 NA NA
PM25_25K_CAT*Season Medium Summer 0 0 NA NA
PM25_25K_CAT*Season High Winter 0 0 NA NA
PM25_25K_CAT*Season Low Winter 0 0 NA NA
PM25_25K_CAT*Season Medium Winter 0 0 NA NA
LU_OPN2000*Season  Summer 1.1374 0.1071 Ͳ5.8747 0.0034 NA NA
LU_OPN2000*Season Winter 0 0 NA NA
POP_DEN2000*Season Summer 0.000638 0.0121 0.000172 0.8227 NA NA
POP_DEN2000*Season  Winter 0 0 NA NA
INT125*Season Summer NA NA Ͳ0.00005 <0.0001 NA NA
INT125*Season Winter NA NA 0 NA NA
RLSEC1500*Season Summer NA NA Ͳ0.00050 0.0235 NA NA
RLSEC1500*Season Winter NA NA 0 NA NA
RLLOC1000*Season Summer NA NA Ͳ0.00023 0.0437 NA NA










de–icing) which transform in the presence of moisture to salty
deposits difficult to analyze by CCSEM. The generally good
agreementbetweenpredictedandmeasuredPMcconcentrations




inwinter, similar levels forPMcduringboth seasons,andhigher
NH3 levels in summer.NO2 concentrationdifferences foundhere
are consistentwith the expectations of lowerwintertimemixing
heights. Seasonal NH3 concentration differences are consistent
with higher summertime emissions from soils and vegetation,
urban sources such as fertilization and municipal waste, and
agriculturalsourcesinoutlyingareas.TheLURresultssuggestthat
the spatio–temporal variabilityofNH3 concentrationswasnotas
stronglyrelatedtomobilesourceemissions,whichhasbeenshown
tocontributesignificantly tourbanNH3 insomecities (Perrinoet
al., 2002;Whitehead et al., 2007). The extent to whichmobile
sourcesinfluencedtheoverallmagnitudeofNH3concentrations is


































Figure 7.Average of summer andwinter LUR predictedNO2 surfaces for
Clevelandstudyarea.

LUR results showed that significant predictors for NO2 and
PMcwere: point source emissions densities, population density,
open space, traffic intensity, and local and secondary road
networks. The Cleveland NO2 LUR model confirmed ubiquitous
traffic impacts as seen in other NO2 LURs (Hoek et al., 2008;
Mukerjeeetal.,2009a;Smithetal.,2006;Smithetal.,2011). In
additiontotraffic,NO2andPMcLURestimatesrevealed localized
impacts from point sources such as those in the Cuyahoga
IndustrialValley.

The negative coefficients for total roadway length of
secondary roads within 500 m of location (RLSEC500) and of
secondary roadswithin 1000m of location (RLLOC1000) for the
NO2regressionwereunexpected,sinceone’sinitialthoughtisthat
more roads would mean higher NO2 levels (i.e., a positive
coefficient). Itmay be that this is a statistical artifact.However,
ratherthandismissthemsimplybecausetheydidnotmeetapriori
expectations, it isworthconsidering thepossibility that theymay
indicate some (perhaps complicated) aspect(s) of the road
network.Forexample,itispossiblethatasthesecondaryandlocal
road networks become more dense, roads with heavier traffic
become lessdense,andviceversa.Thus, the localandsecondary
roadnetworksmayhavean inverse relationshipwith theheavily
traveled roads, and hence be acting as “inverse surrogates” for
heavytraffic.Thus,therecouldbesomevariablerelatedtoheavy
traffic which either was not considered or did not survive the
screening process for potential predictors. This result bears
further,moredetailedinvestigationinfuturework.






Pollutant Season Measured LURPredicted 95%CILURpredictedvalue Difference
NO2 Summer 15
b(11,9)c 20(2)d 16,24 5e
Winter 21(18,25) 24(2) 20,28 3
PMc Summer 10(6,13) 5(3) 0,12 Ͳ5Winter 12(4,21) 15(3) 9,21 3
NH3
Summer 3(2,6) 2(0.3) 1,2 Ͳ1









As noted in the LUR results, some predictor variables are
reportedinTable3withsignificancelevelsabovetheusual5%.For
example,DIST_40KPisreportedforNO2withasignificancelevelof
.0704. (Distance to nearest roadwith traffic volume of at least
70000vehiclesperday(DIST_70KP),distancetoClevelandHopkins
InternationalAirport (ARPT_DIST),andRLLOC1000areothers.) In
subsequent work, researchers might wish to consider similar
variables. Knowledge of these higher significance levelsmay be
usefulinselectingpredictorsforsuchstudies.

A strong summer/winter seasonal influencewas detected in
theLURs. Infact,seasonwastheonlysignificantpredictorofNH3
(Table3).Itwasparticularlyinterestingthatthereweresignificant
interaction effects between season and most of the other
predictorvariablesused intheNO2andPMcregressions.Itwould
be desirable to see if this result held with sampling conducted
acrossallfourseasons.

Table 3 reports seasonal interaction terms for area of open
spacewithin2000m(LU_OPN2000)forNO2andhighor lowNOx
point source emitters within 1000 m (NOx_1K_CAT) and
populationdensitywithin2000m (POP_DEN2000) forPMc,even
though these terms have p–values above 5%. In each case, the
non–seasonalmaineffectissignificantatthe5%level.Aswiththe






PMc is the circular–shaped elevated pollutant predictions in the
centralandeasternsectionsofthestudyarea.Thisappearstobe
the result, as onemoves across the study area, of the changing
combination of variables calculated over buffers areas. For
example,emissionsdensities(calculatedwithdifferentradii)were
generallycategorizedashighintheindustrialvalleyareaandtraffic
intensity was also high there. Moving away from the valley,
emissionsdensitieswereusually classified in the lowormedium
categories,thoughtrafficintensitycouldstillbehigh.Inotherparts
of the study area, theopen space and secondary and local road
networkbuffersbecamemore influentialon thepredictions.And
overlayingthe influenceofmanyofthese“circular”variableswas




Rather than focusexclusivelyon thewidelyutilized,but still
arbitrarysignificancelevelof5%,itmaybeusefultotakeabroader
view of the results in Table 3. The variableswhich are “almost
significant” or “moderately significant” might be considered as
worthy of consideration for inclusion in a future study tomore
firmly establish their utility as predictors. For example, a four
seasonversionof thecurrentstudymightbeable tomore firmly






Chenetal.,2010). In theirreviewarticle,Hoeketal. (2008) lista
variety of LUR efforts either few or none of which address
seasonality.Smithetal.(2011)didintroduceseasonality,thoughin
that case the seasonal effectwas confounded by a gap ofmore




LURs from Cleveland could be used to help determine
priorities for futuremonitoring locations, provide neighborhood
exposureestimates,andprovidevalidambientexposureestimates
for spatial–based epidemiology assessments. This Cleveland NO2
LUR effort confirmed results from other NO2 LURs for El Paso,
Detroit, and Dallas regarding the importance of traffic and
emissionssourcesforpredictingpollutantlevels,butalsorevealed
that other factors such as open space and season can be
influential. Seasonal differences in the LURs and their predictive
power demonstrate the need for caution in developing such
models from annual ormulti–year averageswithout considering
seasonal or other factors. For example, if a health issue being
studiedhasaseasonalaspect, then itwouldbebeneficial for the
corresponding LUR to account for this. Provided that adequate
numbers of samples are collectedwithin seasons during a given
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ancillary variables and monitoring sites, Pearson correlations
between explanatory variables considered for LURs (Table S2);
Grouprankingsforexplanatoryvariablesatmonitoredsites(Table
S3);PMccomparisons frompassiveanddichotomoussamplersat
sites GT and 13, (a) GT summer, (b) 13 Summer, (c) 13winter
(FigureS1);LURpredictedNO2surfaceforClevelandstudyarea(a)
summer, (b) winter (Figure S2); LUR predicted PMc surface for
Cleveland study area (a) summer, (b) winter (Figure S3). This
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